The purpose of the study is to investigate the characteristics of the discounted cash flow (DCF) as a measure of startup financial success. In general, DCF is found the most popular method in startup valuation followed by the internal rate of return (IRR) and the payback period methods. However, the consequences of using this method in startup valuation are rarely analyzed in financial research. In this study, a simplified mathematical model is developed to describe the time-series development of the cash flow. This model is based on the growth of expenditures and their ability to generate revenues from the founding of the startup. The model employs IRR as the measure of true profitability and the average lagin revenue generation as a proxy of the payback period. Numerical experiments are used to show the sensitivity of DCF to the parameters of the model. The results indicate that the use of DCF favors startups that grow slowly and have a short payback period but that also exhibit a high IRR. The longer the time series of the startup used in the analysis, the more significant role IRR tends to play in DCF. Empirical evidence extracted from a sample of Finnish startups supports the numerical findings.
Introduction
The success of startups is important for economies investing on innovations and growth. Therefore, especially the early years of startups have been popular themes of business research, literature, and government policy debate [1] . Startups are necessary for the creative destruction process as they enter the market and replace old and stagnant firms [2] . However, this process is potentially com-plicated since startups typically have insufficient financial resources to follow their plans for the early years. Startups are often faced by difficulties to raise equity or debt finance and are therefore forced to rely heavily on internal finance. Zingales [3] in fact regards internal finance as the main source of financial capital for startups. The determinants of the sufficiency of this finance are related to the early-stage growth and profitability of startups. Therefore, it is important to the investors, financers, and entrepreneurs that the determinants of internal finance in the early years of startups are well understood.
Internal finance is based on the cash flow generated by the startup. Therefore, cash flow is a significant indicator of a startup facing financial constraints. Startups with strong cash flows continue to operate and grow, while startups with weak cash-flow close and eventually die [2] . It is often suggested that highly cash-flow sensitive firms are those facing the least constraints [4] . Some researchers further argue that cash flows reveal information about investment quality [5] . Cash flow is not connected with the characteristics of financial reporting as strongly as accrual flows. This is important, since one of the objectives of financial reporting is to make managers and entrepreneurs accountable to investors so that there is efficient allocation of capital. The most efficient firms should receive financing and have higher valuations, than worse firms [6] . For mature firms living in steady conditions and generating predictable cash flows, investors can generally agree with their value. However, in the early stages startups typically suffer from unstable development making the valuation for an external investor very challenging.
Because of the importance of cash flows for the development of startups, valuation methods based on the discounted cash flow (DCF) are recommended by prior studies [7] . DCF is also the most commonly used valuation method employed by investors [8] [9] [10] . Especially, DCF is the preferred method when there is little information available to compare with. That is the reason why DCF is the method most widely used in startups that typically have lower income and high growth expectations. Reverte, Sánchez-Hernández & Rojo-Ramírez [7] however emphasize that in using the DCF method to estimate the fair value of an investment, the investor should derive the present value of the investment, using reasonable assumptions and estimations of expected future cash flows and the terminal value, and the appropriate risk-adjusted rate that quantifies the risk inherent to the investment. It is clear that these important variables (cash flows, terminal value, and discount rate) require substantial subjective judgement to be made. This study does however not focus on these obvious estimation difficulties, which are well known to investors.
Thus, instead of concentrating on the estimation problems the objective of this study is to analyze the consequences (outcomes) of using DCF to assess time-series of startups. Therefore, the objective is here to investigate what kinds of startups are preferred to or neglected when using DCF in assessment. This means that the time-series of cash flow are in this study described using parameters that characterize the target startup in a relevant way. In reality, the time-series of startups are usually nonstationary [1] [11] [12] [13] . Prior studies generally indicate that the development of startups is non-linear and prone to interruptions and setbacks, which are stochastic and quite difficult to explain using different variables and processes [11] . However, to avoid these difficulties Laitinen [14] constructed a simplified model to explain the early development of financial ratios. He showed that in the early years of startups profitability ratios give a very unreliable estimate of the real profitability of the startup. In this study, a similar mathematical model is developed to depict the development of cash flow to be used to analyze DCF in a simplified framework.
In the present framework, the growth of expenditure in a startup is described by a steady growth model. Following the basic idea of identical investment projects, it is assumed that each periodic expenditure generates a proportionally identical infinite (geometric) flow of revenue. The profitability in terms of the internal rate of return (IRR) and the lag structure of revenue flows are assumed constant. In this framework, steady growth rate refers to the growth of the startup, IRR to the true profitability, and the lag structure parameter to the payback period of periodic investments. The behavior of the cash flow in this simple framework is analyzed using numerical experiments. In these experiments, the periodic revenue is assumed stochastic and a discount rate is used to calculate the present value of the cash flow to act as a surrogate of DCF. These experiments clearly show that the real profitability (IRR) is an important determinant of DCF. However, the use of DCF obviously prefers startups with a low growth rate and a short payback period to startups with a higher growth rate and a longer payback period. These conclusions are supported by empirical evidence extracted from Finnish startups. These kinds of consequences are not favorable for a valuation method, since it disregards high growth startups with long payback period. These characteristics are typical for high technology startups, which are essential for innovations and growth.
The content of the study is organized as follows. Firstly, the introductory section presented the motivation, objective, and contribution of the study that all are associated with the use of DCF to assess startups. Secondly, an analytical results are presented and discussed in the fourth section. In this section, also empirical evidence from Finnish startups is used to assess the relevance of the numerical results. Finally, the last section discusses and concludes the main findings and limitations of the study and gives hints for future research on DCF. Theoretical Economics Letters
Cash Flow Model
The development of cash flow for a startup in the early years is a complicated and stochastic process [11] . Therefore, Reid [12] applied a dynamic theory to predict trajectories for key financial variables of a startup whereas Coad et al. [13] used Gambler's Ruin framework by arguing that startup performance is best modelled as a random walk process. In the present framework, a simplified set of assumptions are first applied to depict the development of cash flow under deterministic circumstances. Later, a simple stochastic process is incorporated in the model. In this framework, such aspects as continuing (terminal) value, depreciations and tax savings are excluded [15] . The framework is similar with the approaches used to explain the relationship between the accounting rate of return (ARR, ROI) and the internal rate of return (IRR) [14] [16] [17] [18] [19] . In these frameworks, growth plays an important role. For a startup, growth is critical for survival in the early stages, since new firms that do not grow are more likely to fail or close [11] [13] . It is assumed here that the entrepreneur periodically invests on the startup an expenditure that grows periodically at a steady rate [14] . Thus, the time series of periodic expenditure can be described as follows:
where M t refers to expenditure spent in period t and g is the steady rate of growth (g > 0). For simplicity, random elements [13] are thus far neglected in this framework. It is important for the survival of the startup that the business starts to generate revenue as quickly as possible after founding. In this way, the startup strengthens internal finance and ensures a successful entry to the market. Gilbert, McDougall & Audretsch [20] review 48 empirical studies on new firm growth concluding that growth of sales revenue is one of the most important measures of growth. The present model assumes that the business process of the startup is proportionally fixed and repetitive so that periodic expenditure generates a similar but steadily growing flow of revenue beginning from the investment period. It is assumed that the lagged flow of revenue generated by periodic expenditure follows a geometric distribution, which leads to the following expression:
where K is the level parameter of the lagged revenue distribution whereas q is the lag parameter describing the geometric lag structure. The lag parameter q is defined as being greater than 0 but less than 1. Equation (2) shows that the resulted time series of revenue is a non-steady process where the growth path is largely determined by the difference between g and q. In the early growth process the growth rate of revenue converges towards g faster, the lower is q. When n approaches the infinity, the growth rates of expenditure and revenue are equal and the startup lives in a steady state. If it is assumed that the lag distribution is infinite, IRR or r can be incorporated in the model as follows:
where K is less than unity.
Each proportionally identical periodic expenditure generates a flow of revenue yielding the same IRR, which means that r equals IRR also at the level of the firm. Thus, r refers to the true or principal profitability of the startup. IRR is solely based on expenditure and revenue concepts and is therefore independent of expense concepts. In the present framework, the lag parameter q is also an important concept being associated with the payback period of periodic expenditure investments. The payback period and IRR are popular assessment methods in capital budgeting and investing. The lag parameter tells how quickly invested expenditure generates revenue to the startup. The revenue lag is increasing in q with the average lag defined as ( )
(weighted average of all lags) and with the median lag defined as -log 2 log q (time when 50% of revenue contributions are generated). However, the payback period of each identical project depends on IRR in addition to q. It can be presented as
. It shows the time when the accumulated revenue flow for the first time exceeds the periodic expenditure.
In this framework, the cash flow is defined as the difference between revenue and expenditure. Using Equation (2) the present value of the cash flow can be presented in the following form:
where d is the rate of discount.
Solving the summation terms in Equation (4) and rearranging the terms leads to the following solution:
Equation (6) depicts the steady state value of the revenue-expenditure ratio that exceeds unity if r > g and equals unity if r = g. It is less than unity if r < g. Equation (5) shows that the effects of the parameters on DCF t are dependent on the length to f the cash flow time-series. The marginal effect of IRR or r on DCF t is positive. However, its effect can increase or decrease with the length of the time-series depending on the relation between g and d: if g > d, then the effect is increasing in t and vice versa. Similarly, in that case, the effect of growth on DCF t is increasing in t, and decreasing in the opposite case. However, the marginal effect of g is complicated and difficult to interpret. The effect of lag parameter q on DCF t is decreasing with the length t of the time series, since q/(1+d) < 1. If r = g, DCF t only depends on M 0 , q and d through the second term of (5).
Numerical Experimentation
Equation (5) gives an insight of how the parameters of the present model affect the discounted value of cash flow or DCF t . However, the intrinsic effects of parameters are complicated and difficult to assess analytically especially when the parameters change at the same time. Therefore, the interpretation of the results is here facilitated using numerical experimentation. This kind of experimentation makes it possible to include stochastic variables in the deterministic model. For a startup, the time series of sales are typically characterized by random chocks, which makes the cash flow to follow a stochastic process [11] [12] [13] [21] . Thus, it is assumed here that the periodic sales revenue does not realize according to the deterministic formula (2) but is in each period exposed to a random chock as described by the following equation:
where X(t) is a random variable that makes a proportional impact on R t . For simplicity, it is assumed that X(t) follows a uniform distribution U(a,b) with the minimum value a and the maximum value b which are constant for each period t. It is also symmetrically assumed that the expected value of the random variable is
MEAN X t a b
= + = so that the expected value of R t equals to (2) . The constant variance of the random variable X(t) is
leading to the following variance of the discounted cash flow DCF t :
which is a quite complicated function of the parameters of the model. Equation (8) however indicates that the effect of g is increasing and the effect of q is decreasing in the number of period.
In the numerical experiments, each of the four model parameters r, g, q, and d have three different representative values (low, average, high) so that the number of combinations of values is 3 4 = 81 (cases). For each combination or case, 100 simulation runs were executed to randomize the analysis allowing X(t) be de- runs. Then, for each of the 81 randomized cases, the mean and the variance of DCF t were calculated. The robustness of the results was evaluated re-running the 8100 runs ten times and comparing the results got from every re-run. The results differed in these re-runs very little and did not lead to any changes in interpretation of the results. Table 1 presents the values of the parameters used in the experiments. Table 2 shows the payback period of the periodic projects for each combination of q and r. The longest payback period is 6.23 years (q = 0.75 and r = 0.05) whereas the shortest time is only 1.00 year (q = 0.25 and r = 0.25). The 8100 runs are calculated separately for startups with 5-and 10-year time series (N = 5 or 10) to analyze the effect of the life cycle stage (respectively, launch and growth stages). Furthermore, the effect of risk in revenue generation on DCF t is assessed calculating the runs separately for a lower and a higher risk condition determined by a and b.
The experiments provide us with four different outcome variables used in assessing the effects on DCF t . Firstly, for each of the 81 cases the mean and, secondly, the variance of DCF t are numerically calculated over the 100 randomized observations. Thirdly, in order to assess the efficiency of a case in the set of the 81 cases (portfolio) it was calculated for each case how many of other 80 cases it dominates on the mean-variance relationship. Case A is here said to dominate case B if the mean of DCF t for A is greater than or equal to that for B and, at the same time, the variance of DCF t for A is lower than or equal to that for B. The number of dominated cases is called here "dominance" and theoretically, it varies between 0 -80. Fourthly, following the mean-variance utility theory the weighted difference of the mean and the variance of DCF t that measures the expected utility of DCF t , is calculated in the following form:
where λ is the rate of risk aversion. For investors, the values of risk aversion rate vary significantly in practice [22] . In Finland, the average rate for executives is slightly over unity allowing approximating utility by a logarithmic function [23] .
Thus, three different levels of λ are used in experimentation to show the effect of risk aversion (low 0.5; average 1.0; and high 1.5) and the average value is set equal to unity. to calculate DCF t (N = 5). It is remarkable that all 81 cases have a negative mean of DCF t indicating how difficult the first years are for a startup even with a good IRR. Table 3 presents the cases with three highest and lowest values for the outcome variables. First, the highest values of the mean DCF t are associated with high r, low q, and low g whereas the lowest values are related to high q and high g. Secondly, the variance of DCF t is an increasing function of g but a decreasing function of q. Third, dominance is strongly determined by g: the lower g, the higher is dominance. Fourth, the comparison of the outcome for different rates of risk aversion shows that the higher risk aversion, the higher are the negative effects of q and g in a relation to the effects of r.
Results of Experiments

Launch Stage
The effect of the parameters is further analyzed using the ten cases with the highest values of the outcome variables (TOP 10). Panel of Table 4 shows that only six such cases. These analyses show the strong effects of q and especially g on the outcome variables. The mean of DCF t seems to be the only outcome variable that is strongly associated with r. Table 5 presents the Spearman rank correlation coefficients between the outcome variables. These coefficients show that the outcomes of the three risk aversion rates are highly correlated with each other reflecting here a rather weak effect of aversion. Moreover, dominance is highly correlated with these outcomes. with the mean and the variance of DCF t but its correlation with the risk aversion outcomes significantly diminishes in λ. It also shows that q and g are strongly negatively correlated with the mean and the risk aversion outcomes. The variance of DCF t has a high positive correlation with g, which makes the correlation between g and risk aversion outcomes correlate the stronger, the higher is λ. There are only relatively low correlations between d and the outcome variables indicating a weak effect of the discount rate.
Appendix 1 shows that an increase in the risk level (a = 80 and b = 120) does not remarkably change the cases with the extreme values for the outcome variables. The most remarkable effect is that the negative impact of q on the risk aversion outcomes is here not as systematic as under lower risk circumstances. Moreover, Appendix 2 indicates that the positive rank correlations between the mean and these risk aversion outcome variables have significantly decreased. However, at the same time the negative correlation between the outcomes and the variance of DCF t has become clearly more significant. The rank correlations between dominance and the risk aversion outcomes with higher rates λ (λ = 1.0 or 1.5) have also decreased. Appendix 3 shows that the significance of the rank correlations of the risk aversion outcomes to r and q have significantly decreased and even changed their sign. At the same time, the negative correlations between the risk aversion outcome variables (especially with lower λ) and g have become more significant. Figure 2 shows the scatter diagram for the mean-variance relationship when the ten first years are used to calculate DCF t (N = 10). There are a number of observations with a positive mean concentrated on the lower right corner of the diagram. Table 7 shows the extreme values of the outcome variables for the growth stage. There are only some systematic changes in the determinants of the extreme values of the outcome variables. Mainly, the highest values of the mean Theoretical Economics Letters 
Growth Stage
Mean of present value
DCF are now associated with high values of q whereas in the launch stage they were associated with low ones. However, in the growth stage also the lowest values of the mean are resulted for high q. Panel 2 of Table 4 shows that TOP 10 for the mean DCF includes only two cases with the lowest value of q (0.25). However, it includes ten cases with the highest value of r (0.25) and eight cases with the lowest value of g (0.05). TOP 10 for the other outcome variables only include 3 -4 cases with the lowest value of q (0.25) indicating that its effect is weak in the growth stage. Similarly as in the launch stage, TOP ten for other outcome variables than the mean includes all ten cases with the lowest value for g (0.05) (except for the variance with ten cases with the highest value).
Consistently with the results for TOP 10, the Spearman rank correlations between the outcome variables are in this growth stage different as the correlations in the launch stage. Table 8 shows that the rank correlation of the mean with the variance is now negative and with the risk aversion outcome variables significantly lower than in the launch stage. However, the negative correlations between the variance and the outcome variables of risk aversion are significantly stronger. The risk aversion outcome variables also correlate more with each other than in the launch stage. Table 9 shows that the effect of r on the mean and the dominance is now stronger being however insignificant on the risk aversion variables. Moreover, q has a significant (negative) effect only on the mean whereas the rank correlations of g with all outcome variables are very high. The effect of g on the mean is almost as strong as that of r but remarkably stronger on other outcome variables. Thus, longer time series no doubt strengthens the effect of growth on the outcome variables making its impact dominant. Appendix 4 presents the results for the growth stage with the longer time-series (N = 10) under higher risk circumstances (a = 80 and b = 120). This appendix shows that, similarly as under the lower risk circumstances, an increase in the risk level does not significantly alter the cases with the extreme values of the outcome variables. Appendix 5 indicates that the rank correlations of the mean DCF to the risk aversion outcomes however have significantly decreased. The negative correlations between these risk aversion variables and the variance of DCF have strongly strengthened towards minus unity. Similarly, the correlations between the risk aversion variables have now increased close to unity. Appendix 6 indicates that the rank correlation of r with the risk aversion outcome variables is in this stage negative but insignificant. Moreover, q has a significant (negative) correlation only with the mean. The effect of g on the outcome variables has stayed very strong. This effect (measured as a rank correlation) is negative except for the variance. The effect of d on the outcome variables is similar as in the previous case and is only characterized by relatively lowrank correlations reflecting a weak impact.
Empirical Evidence
The findings presented above are based on a simplified mathematical model that is assumed to generate a cash flow series analyzed here using numerical experiments. The numerical results show that along the positive impact of IRR, also g and q have a strong negative effect on different outcomes based on DCF. The crucial question is whether these kinds of relationships are observable in reality. This question is assessed in this study using empirical data from Finnish startups. These data have been extracted from the ORBIS database of Bureau Van Dijk (BvD). The data were extracted under the restrictions that the firm must be Finnish, limited company, founded in the beginning of 2000 decade, and have successive financial statements available for at least 10 years. In all, financial statements from 5190 startups were extracted. The median of the founding year was 2005 while the youngest firm was founded in 2008 and the oldest firm in 2004. The average number of employees in the last available year was 10 whereas the median was only 3. Therefore, the size distribution is skewed as it is in the population of Finnish startups.
In order to assess the effects of the parameters of the model, there stricted linear least squares (RLS) estimation method was applied to the nine-year time series of total expenditure and total revenue following equation (2) in the steady form. This estimation method followed the procedure described in Laitinen [14] that is not analytically repeated here. The estimation of the parameters proved to be a very challenging task due to sensitivity. First, the growth rate of total expenditure g was estimated by the ordinary LS applying it to the logarithmic time series of expenditure and time index. Secondly, the parameters r and q were estimated using the Koyck transformation and setting a restriction in the equation to decrease the level of sensitivity [14] . In spite of the advanced esti- Thus, the economic development also in Finland was unstable and quite negative. Therefore, the median IRR or r in the sample was only 6.3% while the median growth rate g was as low as 3.6% and the median q 0.37. The present value of the cash flow DCF was directly calculated from the official financial statements (without using the theoretical model) discounting the difference between total revenue R t and total expenditure E t using 5.0% as a discount rate. Furthermore, the size effect on DCF was eliminated dividing DCF by total expenditure (M 0 ) in the first available period.
The empirical results should be interpreted cautiously. It is clear that especially the exceptionally low values of r and g due to financial crisis period at least to some degree affect the results [24] [25] . However, alternative values of the discount rate applied to calculate DCF did not alter the conclusions. Table 10 presents the Spearman rank correlations between DCF, r, q, and g calculated for the sample of 2290 startups. Empirical evidence strongly supports the findings got from the numerical experiments. DCF is strongly negatively correlated with the growth rate g (−0.601) and positively with IRR or r (0.506). The sign of the correlation between DCF and q is negative (−0.071) as it was found in the numerical experiments. The observed weak effect of the discount rate d on DCF is also consistent with the results from the experiments. 
Concluding Remarks
Main Findings
The importance of startups is significant for any economy investing on innovations and growth. The number of new startups is quite large. However, the survival rate of startups in the first five years is only about 45% -55% in U.S. and Europe [26] [27] [28] . Therefore, it is of importance for investors to understand the con- From the point of view of the economy, the most desirable conclusion would be that the use of DCF leads to a situation where the most profitable firms with a high growth rate are located at the top of ranking. The results got in this study do not give much support to these kinds of expectations. Table 11 presents a summary of the main effects of the parameters on the outcome variables. The results of the study indicate that, in the launch stage, the short payback period proxy is the variable that most significantly affects the mean of DCF. Thus, startups that generate revenue very quickly after foundation such as retailing or service startups enjoy from a high mean. However, high technology firms with a long payback period are likely to suffer from this negative feature of DCF. The profitability of the startup in the form of IRR also affects the mean, which is a recommended feature of the mean. It is, however, not a recommended feature that the growth rate has a negative impact on the mean leading to that the use of the mean DCF as the criterion gives an advantage to Table 11 . The main effects on the outcome variables under different circumstances. 3) -Pb-period startups with a low growth rate. In the passage of time, the impact of IRR becomes stronger and for the growth stage, its impact is the most significant. This result indicates that for a longer time series of a startup, the mean DCF may give reasonable results. However, also in this case where the time series is longer, both the payback period proxy and the growth rate have a remarkable negative effect on the mean DCF. For the launch stage, high growth rate and short payback period significantly tend to increase the variance of DCF. When the growth stage is considered, the positive effect of growth will become dominant. If DCF is used to find out dominant startups with respect to the mean and variance, the negative effects of the growth rate and the payback period proxy are the only significant determinants in the launch stage. Again, when the growth stage is considered the effect of the payback period becomes insignificant and IRR makes a positive effect on the dominance. However, the negative effect of the growth rate is still the strongest impact. When the expected utility of the investor is to be maximized, the rate of risk aversion plays an important role. If the rate is low, the expected utility is determined by the negative impact of growth and payback period but also by the positive impact of IRR. When the rate of risk aversion increases, the effect of IRR will firstly vanish and finally, for higher rates, the negative effect of growth is the only significant determinant of the expected utility. However, for the growth stage and for riskier circumstances this expected utility is only determined by growth.
The methodology of this study was primarily numerical experimentation based on a theoretical model, which may question the relevance of the results from the point of view of practice. Therefore, data from a sample of Finnish startups were extracted and used to assess the validity and thus the practical relevance of the conclusions. These final data used in the empirical analysis were extracted from 2290 startups. The estimates of IRR and the payback period proxy proved to be very sensitive, which lead to drop a large number of observations from the initial sample. However, the rank correlations calculated for the final sample clearly supported the experimental results: DCF was positively correlated with IRR but negatively with the growth rate and the payback period proxy. Thus, empirical evidence supports the conclusions that DCF is sensitive to IRR but also to growth and payback period proxy in the way, which may lead investors to invest on startups, characterized by a low growth rate and a short payback period.
Summary
The findings of this study have a special value since valuation methods based on DCF are both recommended by previous studies [7] and widely used by investors in startups [8] [9] [10] . In its basic form, DCF includes a number of difficult tasks to be solved such as to estimate the expected future cash flows and the terminal value, and to choose the appropriate risk-adjusted rate that quantifies the risk inherent to the investment. The problems associated with these difficulties are widely analyzed in prior research [7] [15] and they are therefore excluded from the present study. Unlike prior studies, this approach concentrated on the outcomes followed from adopting DCF as a startup valuation method. Therefore, the findings of this study are novel and important to investors and other stakeholders. If the investment policy gives recommendations to finance rapidly growing high tech firms with a long payback period, investors should be cautious when using DCF as the primary investment criterion. Technically, the findings of this study indicate that DCF may favor slowly growing firms with a short payback period at the expense of fast growing high tech firms. Furthermore, the effect of IRR on DCF is weak especially in the launch stage. However, the significance of IRR will rise when the time series become longer approaching the growth stage. Thus, the results indicate that DCF may include features that are not always recommendable for the stakeholders investing on startups.
This study however includes limitations that should be taken into account when considering the findings and outlining future research. Firstly, the mathematical model used here is a simplification based on a constant growth rate and other constant parameters (IRR and revenue lag). In future research, more advanced models with more realistic assumptions should be developed. The present approach also neglects the terminal value referring to future growth potential. Models that include the impact of the terminal value should be constructed in future studies to investigate DCF in more realistic circumstances. Moreover, the methodology employed here is based on numerical experiments using three representative levels of values for each parameter. In future, more advanced statistical methods should be used. This study employed also empirical evidence to assess the validity of numerical experiments. In future research, larger empirical data and advanced analysis methods should be utilized in investigations. However, it is the hope that the results anyway are fruitful and give inspirations to continue future scientific research on DCF following these lines outlined in this study.
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